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While designing an HCI experiment, planning the sample size with
a priori power analysis is often skipped due to the lack of reference
e￿ect sizes. On the one hand, it can lead to a false-negative result,
missing the e￿ect that is present in the population. On the other
hand, it poses a risk of spending more resources if the number
of participants is too high. In this work, I present the reference
for small, medium, and large e￿ect sizes for typing experiments
based on a meta-analysis of well-cited papers from CHI conference.
This e￿ect size ruler can be used to conduct a priori power anal-
ysis or assess the magnitude of the found e￿ect. This work also
includes comparisons to other ￿elds and conclude with a discussion
of the existing issues with reporting practices and data availabil-
ity. This paper and all data and materials are freely available at
https://osf.io/nqzpr.
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1 BACKGROUND AND MOTIVATION
In the ￿eld of Human-Computer Interaction (HCI), one way to
validate newly developed interaction techniques is a controlled
experiment. Hornbæk et al. [19] did a systematic review of 891
papers between 2008 and 2010 in 5major HCI venues and found that
more than 48% of papers studying interactions with user interfaces
report experiments. When designing controlled experiments with
human participants, researchers need to decide on a diverse set of
parameters, including how many participants should be recruited.
One of the interaction techniques widely researched with ex-
periments is text-entry. Typing is used for information transfer
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and staying connected with the people around us. Researchers
started studying typing methods since the invention of the type-
writer in 1868. Hereafter, a typing experiment is referred to as an
experiment that involves studying the e￿ect of di￿erent keyboards
and environments on typing performance metrics. However, to
my knowledge, there is no reference for e￿ect sizes for planning
typing experiments. MacKenzie and Tanaka-Ishii [29, p. 85] suggest
using a number of participants for typing experiments close to “the
other research with a similar methodology“. However, with the
rapid development of technology and interfaces, it is increasingly
di￿cult for researchers to identify relevant previous work that can
be used to plan their experiment. For example, between the years
2000 and 2010, researchers have done considerable work on virtual
keyboards for touch-sensitive screens of varying sizes. In contrast,
most papers in the same ￿eld written in 2020 include text-entry
in virtual and augmented reality with voice and brain input. Thus,
￿nding the previous work about typing with the same methodology
is not a trivial task.
One statistical method for sample size planning is a priori power
analysis, based on three parameters:   (Type I error probability),
1 −   (statistical power), and a standardized e￿ect size. A stan-
dardized e￿ect size describes the di￿erence between means and
standard deviations of two groups. Wang et al. [42, p. 2] discuss
the di￿culties of estimating such standardized e￿ect size. Cohen
[5, p. 24-27] proposed a convention of small, medium, and large
e￿ect sizes. However, this convention is based on the di￿erence in
human heights and in intelligence quotients. Hence, Cohen advised
researchers to create and use local standards for each ￿eld rather
than blindly following his convention [5, p. 24-27]. In this paper,
I refer to e￿ect size conventions of the small, medium, and large
e￿ect sizes as 1e￿ect size ruler.
Researchers showed that the local e￿ect size standards in Psy-
chology [27] and Software Engineering [21] di￿er from Cohen’s
convention. Kampenes et al. [21] conducted a systematic review of
the software engineering experiments. They collected 284 Hedges’s
  e￿ect sizes and binned them into three categories: small, medium,
and large. The authors used the median value in each of the bins to
create the e￿ect size ruler. Kampenes et al. compared their results to
meta-analyses in Psychology, Education, and Behavioral Sciences
[26], as well as the Cohen’s convention [5, p. 24-27], and show the
clear di￿erence in local standards for these ￿elds ([21, Table 11]).
In the ￿eld of HCI, there are several quantitative reviews and
meta-analyses. Hornbæk and Law [18] conducted a meta-analysis
of 73 studies. The results show that the Pearson’s correlations
among the usability measures are low, and the authors argued that
1This name is inspired by Cumming’s metaphor of standardized e￿ect sizes as the
rubber ruler [6]. The ruler metaphor indicates two usages of the e￿ect size convention:
as a guide for approximating the e￿ect sizes in study planning and as a reference to
compare study results.
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using only one usability measure might miss important information.
Stowell et al. [36] performed a thematic analysis of 84 papers and
three meta-analyses across ￿ve papers. They studied the impact
of mHealth technologies on vulnerable populations in the U.S. In
their meta-analyses, they did not ￿nd evidence of the success of
interventions. Yee et al. [45] performed formal and informal meta-
analyses of the impact of human-like faces on user experience
of performance and subjective metrics. They found an e￿ect of
inclusion on subjective metrics larger than on performance ones
and more importance of the inclusion e￿ect than the e￿ect of face’s
realism. Ma et al. [28] conducted a meta-analysis of 19 papers about
virtual humans’ e￿ect on medical treatment. The authors found
that virtual humans signi￿cantly improves health-related outcomes.
In summary, these works only provide a reference e￿ect size for
the speci￿c topic but none for typing experiments. As there exists
no local e￿ect size standard for typing experiments, researchers
might default to using Cohen’s conventions. However, using these
conventions risks not ￿nding signi￿cant results even if the e￿ect
exists in the population but is too small for the chosen sample size.
To address this problem, I contribute a reference e￿ect sizes
ruler for typing experiments based on a meta-analytical approach
that enables researchers to plan sample sizes with a priori power
analysis and compare their results within the ￿eld. I provide an
additional e￿ect sizes ruler for the common dependent variable
“words per minute”.
2 METHOD
The goal of this paper is to create an e￿ect size ruler for typing ex-
periments in HCI. In this work, I use a multi-level meta-analytical
approach to calculate the interval estimate for the small, medium,
and large e￿ect sizes [16].2 A meta-analysis is a statistical proce-
dure that allows researchers to combine the ￿ndings from di￿erent
studies. The bene￿t of using a meta-analysis instead of taking sim-
ple means or medians, which give only the point estimate, is that it
allows to calculate interval estimate, and also takes the weight of
each study into account (the more participants are in the study, the
higher is the weight). A multi-level meta-analysis has the advantage
of taking several e￿ect sizes that are present within one study into
account [3].
2.1 Studies selection
The goal of the selection process is to identify typing experiments
that are likely to be in￿uential in the ￿eld. Figure 1 shows the
PRISMA diagram that summarizes the selection process [31].
I performed a keyword search on the ACM digital library in all
CHI proceedings on July 21 2020 to ensure the ￿rst criterion—papers
about typing experiments published in CHI. CHI is an umbrella
conference for HCI-related topics and therefore yield a diverse set
of papers. I used keywords “text input”, “text entry”, “typing”, and
“keyboard” to cover for all papers about typing experiments, and the
word “experiment” in the full-text. This search yielded 108 articles
that were published between 2008 and 2020.
Ideally, this meta-analysis should include all resulting papers.
However, due to a lack of standard in statistical reporting and public
2The analysis code, supplementary materials, and the data are available at https:
//osf.io/nqzpr
data sharing, I anticipated the need to contact authors and—in some
cases—recalculate statistics from raw data. Therefore, I used the
number of citations as a proxy for the impact of the papers, and
focus this meta-analysis to papers with high number of citations.
The papers from CHI 2020 are excluded because there is no infor-
mation about citation count. It is important to consider that older
papers are likely to have more citations than new ones [34], thus, I
added the citations per year as a second criterion. The papers were
ranked by citations per year and overall citation number, taking
the absolute di￿erence between those two values into account:
o erall_rank = citationsrank + citationsPerYearrank
citationsrank citationsPerYearrank (1)−| − |
The top 30 papers are included in the meta-analysis based on re-
source availability. This limitation is discussed in Sect. 5.
During the screening, papers that did not use human partici-
pants (2) or did not have a controlled experiment (1) were excluded.
Four papers were excluded as they did not measure any typing per-
formance (e.g., stress levels measured by a pressure-sensitive key-
board). The following 21 papers are included in the meta-analysis
(ordered by year): 2009 [24], 2010 [1, 20], 2011 [13], 2012 [8, 12, 14],
2013 [33], 2014 [17, 30, 43], 2015 [25, 35, 38], 2016 [11, 15], 2017
[32, 46, 47], 2018 [22, 48].
2.2 Data collection
I manually collected the means and standard deviations from the
papers they were fully reported in. For the papers with missing
statistics or data, I contacted 14 authors via email. Five authors have
provided necessary statistics, one author was unable to provide the
necessary data, and eight authors did not respond within a month.
Out of eight papers without response, seven were included partially
and one was not possible to include.
2.3 E￿ect size and its variants
A simple e￿ect size is a di￿erence between two means. However,
simple e￿ect sizes from two experiments can be compared only if
these experiments operationalized their dependent variable in the
same exact way. For example, typing speed could not be compared
to typing error rate. To enable comparison across experiments the
e￿ect size needs to be standardized . A standardized e￿ect size
can be calculated by dividing a simple e￿ect size by a standardizer,
which depends on the experiment setting [7]. One widely used
standardized e￿ect size is Cohen’s d . However, Cohen’s d is biased
upwards when the sample size is smaller than 20 [37]. In this review,
the average number of participants is 13.88 (SD = 5.87). To correct
for this bias, I converted Cohen’s d to Hedges’s  .
For between-subjects designs, Hedges’s  s is used. For within-
subjects designs, two types of Hedges’s   are used. First, Hedges’s
 a  is advised for usage in meta-analyses by Lakens [23]. Sec-
ond, Hedges’s  rm is a more conservative estimation for repeated-
measures designs [23]. The latter can provide a safer estimation
for experiment planning because the smaller is the planned e￿ect
size, the higher is the number of participants. Thus, the lower is
the risk of getting insigni￿cant results if the e￿ect is present in the
population. The formulas and the e￿ect sizes calculation process
are provided in the supplementary materials (see footnote 2).
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Included Papers included in the meta-analysis (n = 21)
Identification
Papers excluded (n = 78)Select papers with high citation ranks (n = 108)
Papers identified through ACM DL query (n* = 108)
Screening Papers screened (n = 30)
Eligibility Papers assessed for eligibility (n = 27)
Papers excluded, with reasons (n = 6)
– no typing performance measured (n = 4)
– lack of statistical information (n = 2)
Papers excluded, with reasons (n = 3)
– no human participants (n = 2)
– not a controlled experiment (n = 1)
*n is the number of papers
Figure 1: PRISMA diagram showing the process of papers selection in this analysis.
2.4 Data analysis
I included all e￿ect sizes regardless of their statistical signi￿cance
to avoid dichotomous decision based on p-values. To group the
e￿ect sizes as small, medium, and large, I followed the methodology
used in the software engineering review [21]. I took 33% of the
smallest e￿ect sizes as small ones, 33% of the largest as large ones,
and 34% in the middle are medium ones. For each of the three
reference e￿ect sizes, in addition to a pooled weighted estimate, I
calculated the simple means, medians, and geometric means. For
the geometric mean, zero values were ignored in the calculation.
I used the exponential of the arithmetic mean of logarithms to
express the geometric mean.
For each of the bins, I used the metafor [39] package for R to
perform the multilevel meta-analysis to ￿nd the weighted average
without making statements about the true population e￿ect size.
Thus, the model is used only to ￿nd these weighted averages and
con￿dence intervals.
Overall, I included 21 papers with 26 studies in the meta-analysis
where one study is an experiment of a paper with unique partici-
pants. If the participants are the same, the experiments are counted
as one study.
3 RESULTS
First, I present the analysis results—the e￿ect size ruler—for all
included typing metrics. Then, I present the results forWPM (words
per minute) separately because it was measured in 23 studies out of
26 and can be considered the most used typing performance metric.
Since there were only 29 between-subjects e￿ect sizes out of 475,
separate results for them are not presented. Instead, the results of
Hedges’s  rm and Hedges’s  a  include Hedges’s  s in them.
The summary of the results is presented in Table 1 and Table 2.
The distributions of the e￿ect sizes are presented in Figure 2.
3.1 Results for all typing metrics
For small e￿ect size, the mean for  rm is 0.0965 (SD = 0.0636) is
close to median 0.0933, and pooled weighted estimate 0.0955 with
the 95% con￿dence interval of [0.0622, 0.1288]. The geometric mean
(0.0754) is smaller than the mentioned above estimations.  a  mean
is 0.1040 (SD = 0.0701) is also close to the median of 0.0962, and
pooled weighted estimate of 0.1021 [0.0688, 0.1354]. The geometric
mean is 0.1041, which is again lower than other estimations.
For medium e￿ect size, the simple mean for  rm is 0.3692 (SD =
0.1044) is close to all median 0.3638, geometric mean 0.3542, and
pooled weighted estimate 0.3614 [0.3268, 0.3961]. The same goes for
 a  : mean is 0.4122 (SD = 0.1165), median 0.4117, geometric mean
is 0.3956, and pooled weighted estimate is 0.4039 [0.3685, 0.4392].
However, geometric mean is lower than other measures for both
e￿ect size types.
For large e￿ect sizes, the di￿erence between the estimations
is the largest.  rm mean is 1.4041 (SD = 1.2748), median 1.0068,
geometric mean 1.1518, and pooled weighted estimate is 1.0414
[0.0414, 1.1891]. Similarly, a  has themean of 1.6186 (SD = 1.3499),
the median of 1.0964, the geometric mean of 1.3344, and the pooled
weighted estimate of 1.2378 [1.0702, 1.4054].
3.2 Results for WPM (words per minute)
The results of an additional analysis for words per minute are pre-
sented in Table 2. The results for WPM are larger than for all met-
rics. Pooled weighted estimates in Hedges’s  rm for small, medium,
and large are 0.1270 [0.0676, 0.1863], 0.5090 [0.4389, 0.5792], and
1.6033 [1.3303, 1.8764] correspondingly. Similarly, Hedges’s  a 
estimates are 0.1366 [0.0773, 0.1959], 0.5471 [0.4754, 0.6187], and
1.9704 [1.6417, 2.2991]. As with all metrics results, all a  e￿ect sizes
are larger than  rm . The highest di￿erence between the Hedges’s
 a  and Hedges’s  rm is visible for large e￿ect sizes Figure 2 (C)
and Figure 2 (D).
4 DISCUSSION
4.1 Comparison to other ￿elds
In this section, I focus the discussion around Hedges’s  rm because
it is the e￿ect size I suggest to use for a priori power analysis. Table 3
shows the comparison of related reference e￿ect sizes to the e￿ect
size ruler for typing experiments.
As in [21], Hedges’s   are directly compared to Cohen’s d from
other studies. This comparison is valid because Hedges’s  rm is
simply Cohen’s d corrected for overestimation [26]. Hence,  rm
values are slightly smaller than Cohen’s d values for small sample
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intervals for pooled weighted estimates are shown in the brackets.
E￿ect size Type Mean Geometric mean Median Min Max Pooled weighted estimate
rm 0.0965 (0.0636) 0.0754 0.0933 0.0000 0.1940 0.0955 [0.0622, 0.1288]Small
a  0.1040 (0.0701) 0.0801 0.0962 0.0000 0.2289 0.1021 [0.0688, 0.1354]
rm 0.3692 (0.1044) 0.3542 0.3638 0.1977 0.5758 0.3614 [0.3268, 0.3961]Medium
a  0.4122 (0.1165) 0.3956 0.4117 0.2297 0.6496 0.4039 [0.3685, 0.4392]
rm 1.4041 (1.2748) 1.1518 1.0068 0.5832 12.4194 1.0414 [0.8936, 1.1891]Large
a  1.6186 (1.3499) 1.3344 1.0964 0.6515 12.4193 1.2378 [1.0702, 1.4054]
Table 2: The results of the analysis of WPM (words per minute). Standard deviations for means and 95% con￿dence intervals
for pooled weighted estimates are shown in the brackets.
E￿ect size Type Mean Geometric mean Median Min Max Pooled weighted estimate
 
 
rm 0.1302 (0.0877) 0.0976Small
a  0.1395 (0.0943) 0.1041
0.1329 0.0000 0.2850 0.1270 [0.0676, 0.1863]
0.1373 0.0000 0.3092 0.1366 [0.0773, 0.1959]
 
 
rm 0.5564 (0.1923) 0.5245Medium
a  0.5960 (0.2055) 0.5617
0.5155 0.2908 0.9527 0.5090 [0.4389, 0.5792]
0.5636 0.3112 1.0319 0.5471 [0.4754, 0.6187]
 
 
rm 1.9727 (0.7508) 1.8400Large
a  2.3486 (0.9074) 2.1763
1.7952 1.0475 3.6732 1.6033 [1.3303, 1.8764]
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Figure 2: Distributions of the e￿ect sizes: (A): Hedges’s  rm for all analyzed typing metrics; (B): Hedges’s  a  for all analyzed
typing metrics; (C): Hedges’s  rm forWPM (words per minute); (D): Hedges’s  a  forWPM. The x-axis is truncated to show the
distributions’ shapes.
sizes. Nevertheless, the unit does not change: both Cohen’s d values
and Hedges’s  rm values are interpreted as a z-score in standard
deviation units [37, p. 45]. HCI typing experiments estimate for
small (0.10) and medium (0.36) e￿ect sizes are lower than in other
￿elds. This di￿erence is due to the inclusion of all the comparisons
from each study, including those with p-value > 0.05, and the actual
di￿erence between typing and other ￿elds.
For large e￿ect size, typing experiments estimated e￿ect size
of 1.04 which is larger than Cohen’s convention (0.8), Psychology,
Education, and Behavioral Sciences (0.9), but lower than the soft-
ware engineering (1.40). Using pooled weighted estimated already
addresses the extreme values in the large e￿ect sizes bin. There
were only ten studies which have found e￿ect sizes of Hedges’s
 rm larger than three and only one with an e￿ect size of 12. The
latter study has only ￿ve participants.
4.2 How to use the ruler?
This e￿ect size ruler can be used in the following two ways:
(1) Researchers can use the ruler for a priori power analysis
when no prior studies with similar measures and designs
exist. To plan the experiment, the researchers can plan with
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Table 3: The comparison of reference e￿ect sizes in other ￿elds to the typing experiment e￿ect size ruler (See discussion about





Cohen’s convention based on human heights
and intelligence quotients [5]
0.20 0.50
HCI typing experiments based on pooled weighted 0.10 0.36
estimates with 95% con￿dence intervals (this work) [0.06, 0.13] [0.33, 0.40] [0.89, 1.19]
1.40
0.90
Software engineering based on the median points [21] 0.17 0.60
Psychology, education, and behavioural sciences [26]
based on the middle points according to [21]
0.15 0.45
all three reference e￿ect sizes and compare a trade-o￿ be-
tween increasing the number of participants and the gained
power. They can further re￿ne their plan by using the upper
or lower bound of the interval estimates.
(2) Researchers can compare the newly found e￿ect sizes to
the ruler to identify whether it should be considered small,
medium, or large.
Using the ruler for planning experiments can help researchers to
avoid false-negative results caused by the lack of statistical power
[7], or spending more resources on extra participants. Several tools
allow doing a priori power analysis. For example, there is the R
package pwr [2], software G*Power [10], and interactive web-based
tool Touchstone2 [9]. The knowledge of the small, medium and
large e￿ect sizes allows the researchers to enter all of them using
these tools and assess the design trade-o￿s [42]. Using all three
reference e￿ect sizes and then assessing whether the sample size
is reasonable can be a way to do a priori power analysis. For the
  and 1 −   researchers can use 0.05 and 0.2 correspondingly [5,
p. 56]. The tools can also provide the relevant e￿ect sizes rulers as
Touchstone2 [9] provides the conventional Cohen’s values already.
Researchers can use Hedges’s  rm in the Cohen’s f ￿eld to have
safer planning with a higher number of participants but a lower
risk of getting insigni￿cant results.
The second purpose is to allow scientists to compare their found
e￿ect sizes to the reference small, medium, and large. It will enable
future researchers to contextualize the magnitude of the improve-
ment their new interaction technique has added. Both Hedges’s
 rm and Hedges’s  a  can be used while keeping in mind that  rm
is more conservative than  a  .
4.3 Reporting practices, data availability, and
email availability
Out of 23 candidate papers, only nine of them reported all the
necessary means and standard deviations for the meta-analysis.
Out of the remaining 14 papers, only six authors answered emails
about requests for the data, and ￿ve of those provided the needed
information. From eight missing responses, seven papers reported
partial data, which are included in this meta-analysis. In a survey
[41], the authors have found that some researchers are not willing
to share the data and information. It could be the case that some of
the contacted authors had a similar opinion.
As of 2020, the papers included in this work are, on average, 5.95
(SD = 2.72) years old. I have manually searched for all the authors’
email addresses on the ACM Digital Library, Google Scholar, and
personal websites during this survey. While I have managed to
send most of the emails, one of the authors in one paper delivery
has failed. However, other authors in the same paper emails went
through.
In the ￿eld of Psychology, Wicherts et al. [44] wrote 400 emails
with data requests. Only 27% (n=108) of the contacted authors have
sent the requested data, 16% (n=64) of which after the reminders. In
[40], the authors found that ￿nding a working email address drops
by 7%with each year. The response rate inmywork is comparatively
high by receiving answers to 43% of my emails. This result could
be due to manual search of the working emails, writing to each of
the authors, and having the supervising professor’s permission to
include him in CC to increase trustworthiness.
One author replied that they were not able to provide su￿cient
information due to lack of access to the data. This issue has again
been raised by [40], who surveyed 516 studies for data availability.
They found that with every year, the availability of the data declines
by 17%.
As a result of the above-mentioned issues, the situation consti-
tutes a vicious circle. Lack of meta-analyses leads to authors not
having a reference e￿ect size. Without it, a priori power analysis
is di￿cult to perform. Without a power analysis, researchers risk
getting insigni￿cant results. Due to publication bias, these papers
are less likely to get published, and thus there is a ￿le drawer prob-
lem raised [7]. If the papers do not get published, it becomes harder
to do the meta-analyses, and the circle continues. This work aims
to address the vicious circle by breaking it at the "No cumulative
science" point.
As a recommendation for researchers in HCI ￿eld, I suggest to
make the code and the data available on services such as osf.io
to ensure the data availability, to plan the sample size using, for
example, a priori power analysis, and to report full statistical results
of the experiments.
5 LIMITATIONS
I acknowledge that my work has the following three limitations.
First, since there is no common practice of preregistration in the
HCI community, it is almost impossible to analyze the results of
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unpublished studies [4, 41]. Therefore, I could not perform the
publication bias assessment.
Second, the meta-analysis only includes articles published at
CHI and the number of papers is relatively small. Future work
should include more venues and also include more papers overall.
However, even with 26 studies, the ruler already provides a more
precise estimations than Cohen’s conventions.
Third, this ruler can only be applied to typing experiments. Re-
searchers doing experiments in di￿erent ￿elds are advised to an-
alyze each sub￿eld separately. The code for the analysis and the
formulas used for calculations are provided in the supplementary
materials (see footnote 2).
6 CONCLUSION
In the HCI ￿eld, there is no local standard of the e￿ect sizes. I
contribute the e￿ect size ruler for the typing experiments based on
themeta-analysis of the literature published in CHI. Researchers can
use this ruler to plan future experiments sample size using a priori
power analysis and assess the magnitude of the found e￿ect. This
ruler can inspire other researchers to conduct systematic studies in
their sub￿elds, and aims to bring better science in the future.
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